For several decades, many structures have been monitored during maintenance or during their service lives to analyse long-term behaviour. A large number of sensors, properly distributed in the structure, are necessary, especially if the structure is complex and includes significant spatial variability. When probabilistic modelling is applied, because of intrinsic uncertainties in the model as well as uncertain physical parameters, monitoring measurements can be used to identify the parameters of the structural model. This paper presents a monitoring example of a pile-supported wharf in which tie rods are instrumented and the geotechnical characteristics of the soil embankment are identified. The modelling is performed using a meta-model fitted with a numerical database obtained from direct simulations with a finite element model implemented with Plaxis. A full quadratic response surface model (RSM) is the most efficient approximation to fit the original finite element model. The identified soil parameters enable the model to describe the variability of the measured loading in the tie rods.
Introduction
In the context of maintenance and redesign of existing structures, the improvement of in-service behaviours requires the application of a wide range of technical and methodological tools to provide decision support for rational tools. Such tool includes data collection, which provides feedback, as well as the modelling of progressive phenomena, such as fatigue and corrosion, which is predictive. Systematic predictive maintenance programs are not easy to implement in systems with large infrastructures because of the heterogeneity of building ages and building styles. This is especially true for structures in coastal areas [1, 2] . A survey of the structures (displacement data) provides some additional information, but it is still challenging to update the model if many different factors are involved. Thus, intrusive structural monitoring of complex structures is the only way to accomplish the following: (a) measure the actual in-service behaviour influenced by building conditions and settling, the factors expected to separate the present behaviour from the theoretical one [3] [4] [5] ; and (b) understand complex interaction mechanisms, such as soil-structure interaction [6, 7] .
Because of the randomness of each building materials (concrete, embankment) and natural properties of materials (soil), probabilistic methods are becoming more and more popular. These methods constitute a theoretical framework in which one can address uncertainties involved in the structural assessment of buildings with respect to sensitivity analyses or reliability assessments.
In this study, the physical and mechanical properties of a powdery embankment for soil pressure quantification are characterised. The randomness of the soil properties from the monitoring of tie rods in a wharf is also characterised. First, a complete model of the wharf is suggested, and then a meta-model is proposed as a surrogate to this complex and time-consuming model. Several polynomial response surfaces are introduced as solutions, and samples are constructed to fit these meta-models to a data base probabilistically. Finally, the soil properties are identified and the analysis focusses on the frictional angle.
2. Description of the structure, the instrumentation and the available data
Description of the structure
The structure is station 4, which is an extension of the timber terminal of Cheviré, and is named Cheviré-4 wharf. Cheviré-4 wharf is located downstream of the Cheviré bridge near the city of Nantes (in western France), in a river environment, on the left bank of the Loire River. It is 180 m long and 34.5 m wide. Collabo-ration with the Port Authority of Nantes Saint-Nazaire (PANSN) permitted a survey of the structure. A sketch of a typical cross section, showing the primary components, is presented in Fig. 1 . Each component plays a specific role in the function of the pile-supported wharf.
Structural instrumentation
The instrumentation strategy follows the global behaviour of the wharf for at least 5 years post-construction. The goal of the study is to improve prediction models. The validated models will allow the maintenance policy to be based on an improved understanding of the in-service behaviour of the structure. The large dimensions of these structures, the building hazards and the soil behaviour suggest that the service behaviour would vary from the expected design behaviour, primarily because of conservative choices and the use of highly theoretical hypotheses in the design stage.
The objective is to understand the behaviour of the wharf under horizontal loading, i.e., actions of the embankment, ship berthing and wind action on the cranes; therefore, the tie rods were monitored because they are sensitive elements of the wharf that are not accessible after the building period. The wharf was instrumented on twelve tie rods (regularly distributed along the length of the wharf; see Fig. 2 ) to follow the normal load on the cross section of the rods. Electric strain gauges were used, mounted in full bridge and bonded to the rods with a high-temperature epoxy resin used for sensor manufacturing; these gauges are linked to a Campbell Scientific CR10X data logger. Wiring the strain gauges in a full bridge ensures temperature self-compensation. The system also ensures corrosion protection of the rods. A tidal gauge (controlled by PANSN) measures the actual tide level every 5 min; the tidal gauge is located 1 km downstream from the Cheviré Bridge. This measurement enables adjustment of the data for the over-crests from the air pressure, the rate of the river flow and the wind.
Available data
The loads in the tie rods were measured for 2 years (January 2004-October 2005) and have been analysed by Yáñez-Godoy et al. [8] . Two types of variations characterise the loads in the tie rods:
-Temporal: medium-term variations, where the load levels change within a month (approximately one period of the moon's rotation), and short-term variations, where the load amplitudes change with the tides (a period of approximately 12 h); and -Spatial: variations of the loads distributed in each tie rod.
An analysis of the spatial load variations is conducted in [8] , where significant scatter is shown from one tie rod to another. Yáñez-Godoy et al. [8] showed that this load variation is much more stable from tie rod to tie rod in time within a single tide. The present paper focuses on this behaviour and considers a measurement on each tie rod as an independent measurement of the behaviour of a tie rod placed in a section of the current. After several months, sensors in 4 of the 10 tie rods instrumented in the section (see points on Fig. 2 ) were disabled; thus, this study uses the data collected from the 6 remaining sensors, i.e., T4, T11, T17, T21, T31 and T34, underlined in Fig. 2. 2.4. Primary assumptions for the probabilistic modelling using the spatial profile and time series
For a decade, investigations of structural behaviour using nondestructive testing or monitoring have stressed the need for improved methods of data processing and structural computation. The time series for this type of application can be roughly classified into three categories as follows:
-Time series describing the evolution of the ageing phenomena, such as chloride ingress in concrete and crack propagation; -Time series measuring the strain produced by non-periodic loadings, such as wind loading and truck loading; and -Time series measuring the strain from cyclic loadings, such as temperature, tides or waves.
This study focusses on the data obtained from the last two categories during the training period, i.e., before any ageing occurs. When similar elements, placed at a given location x i , are monitored (beams [9] or tie rods [8] ) and subjected to the same loading, a statistical study of their loading L T (x i , t, h j ) can be performed, where t denotes the time and h j is the event that represents the primary hazard during construction and composition of the material around the monitored elements. In this context, h j is a term that describes the hazard h when h e X (the probabilistic space that gathers all the hazard inputs that generate events), thus including the random variables (material properties, tide level, etc.). Practically, the measurement in a tie rod (i.e., at position x i ) at a given time t is unique and is represented by L T (x i , t). After understanding the physical mechanisms involved in this study, several assumptions provide the foundation for the statistical analysis: -First, when structural components are buried in the ground (sheet piles, piles, rods, etc.) and are submitted to daily cyclic variations of the water level (tides), the water level changes modify the granular soil structure with time and with respect to the composition of the surrounding material. Thus, if two measurements of the loading at times t 1 and t 2 are performed and the period between t 2 and t 1 is long enough (several weeks), it can be assumed that they are independent measurements of the loading in the tie rod. That will be the case in the following between two tides with the same tidal coefficient (see Section 5.1). It thus becomes a loading on the same component in different material conditions. With this assumption, and for simplification,
-Second, this study relies on the analysis of the loading during tidal variations. In that case, the spatial correlation between the loads at several positions Fig. 3 shows the evolution of the sensitivity of the loading. In the figure, DH is the water level change in Loire River during a falling tide for a given tie rod (T1) and for three tidal coefficients (CMAR), 42, 69, and 100. In France, the oscillation amplitude of the semidiurnal tide is associated with a dimensionless coefficient, the tidal coefficient (CMAR) (see [8] for more information), with values between 20 and 120. CMAR is computed as follows:
where DH(t) and DH e are the difference between high and low tide levels at time t and during mean high water springs and mean low water springs near the equinox date (i.e., 21 March or 21 September). CMAR assists in finding similar tidal conditions; however, the loading is affected by the water level of the Loire River. That is most likely why there is a small change in sensitivity (less than 2 kN/m) with time for CMAR = 69 and CMAR = 100 (Fig. 3) ; the scatter is much larger for CMAR = 42. Because a lower CMAR implies low load levels in the tie rods, other phenomena than tides are contributing to these changes. The goal of this study is to provide a probabilistic model of the soil properties to use for reliability analyses of wharves during storms [10] . These extreme events occur primarily in winter when CMAR is higher. Consequently, the horizontal wharf behaviour will be analysed only for CMAR > 69.
Numerical modelling and meta-model assessment

Numerical strategy
Numerical models are integrated in an optimisation procedure to identify the soil properties. Computation time should be as short as possible because of the large number of calls to the model necessary for the optimisation problem. Thus, starting from a completely two-dimensional finite element model (FEM) developed in the Plaxis environment [11] , the best meta-model M(X(h j )), with X(h j ) random input variables, that represents the desired behaviour is chosen. The choice of Plaxis is governed by the ease of implementing the phases of real construction and refurbishment through the interface and also by the wide set of soil properties and behaviour available. Plaxis is also a well-known tool that has provided realistic behaviours of geotechnical structures in the past. Several meta-models have been developed for deterministic or probabilistic analyses of wharves during the past two decades, e.g., neuronal and Bayesian networks [12, 13] , spectral stochastic finite element models based on regression or projection methods [14, 15] , and polynomial or other response surfaces.
Quadratic polynomial response surfaces are chosen for this model because of their asymptotic properties [13, [16] [17] [18] .
Finite element model
The structure is modelled using a Plaxis finite element model by including all the construction phases. Fig. 4 shows the geometry and the modelled soil levels, as listed in Table 1 . The upper layer, Layer 1, in which the tie rods are placed, has the most important effect on the behaviour during a tide and therefore only its behaviour is modelled using random variables. A 2-D model is used to represent a standard cross section, not affected by the edges and consistent with the assumptions in Section 2.4. A barbican (drainage channel) is installed 3 m under the embankment surface to reduce the water pressure on the wharf when the tide is falling. The effect of the flow in the soil under the screen is neglected because of the presence of the sheet pile.
The main characteristics of the mechanical model are shown in Table 2 (see [15] for further details). The back-wharf wall has an Lshape and is composed of two plates (Fig. 4) .
Several models have been tested to determine the limiting conditions for the anchoring plate at one end of the tie rod; plate and geogrid models are the most-used. The best model to follow the tide loading with time is found to be the geogrid model. For the same reason, the connection between the back-wharf wall and the sheet pile is modelled through a hinge. Schoefs et al. [15] have shown that the concrete platform and the piles can be modelled by an embedded horizontal beam with deterministic behaviour (see Fig. 4 ); the rigidity of the platform in the horizontal plane reduces the variance of each pile connected to it and is much larger than the tie rod's axial rigidity. In this case, the tie rod is passive, with an unknown preload applied manually, as is usual for this type of structure.
During a tide, the water level varies in both the embankment and the river. Six phases have been used to describe each tidal cycle, as shown in Table 3 and explained in Section 4.1. The values are for a tidal coefficient CMAR = 69; this tidal coefficient has been selected because it is both high and common (i.e., there are sufficient number of occurrences during the period of monitoring). Fig. 5 gives a schematic example of the water levels in the embankment and in the river for phases 1 and 6.
Meta model: quadratic response surfaces
In current research, many types of response surface functions have been tested for different applications. There are two general types of functions in current use [13, 16] : the physical response function and the analytical response function. This analysis focuses on an analytical response function defined by a polynomial of order less than 3, with or without interaction terms, known as a quadratic response surface (QRS). QRS has been developed in several fields [19] [20] [21] [22] . This form has specific properties, e.g., asymptotic behaviour for the transfer of distribution tails, which fit the physical problem in this study. This property is essential when only a few experiments are available, to ensure a realistic transfer of distribution tails [18, 23] .
The general form of the full QRS is as follows:
where L T,SR is the load in the tie rod, X i is the ith random variable and b k coefficients are determined by regression from a numerical test plan based both on the probabilistic distribution of the variables (distribution of numerical values) and on their potential influence on the response (number of numerical values, i.e., size of the sample, for each variable). Setting each of the coefficients equal to zero, various mathematical models are formed and compared to experimental data, and the coefficients are determined using the response surface function. These models are the following: As the model becomes more complex, more data are needed to identify the coefficients.
Random variables and probabilistic modelling
Numerical experimental design
To identify the values of the coefficients b k in Eq. (2), a QRS has been fitted to a numerical database with a probabilistic meaning, i.e., samples are generated from a probability density function for each variable. The basic random variables considered are the following: c sat and c unsat , the saturated and unsaturated density of the soil (levels 1 and 2), respectively; E and m, Young's and Poisson's moduli, respectively; and u, the internal frictional angle.
The cohesion, c, is ignored. The structure is analysed during the first 2 years when there is no exploitation by ships.
The range of variation for each variable is selected from the literature or preliminary knowledge. Available published data for sand (soil level 2) and embankment (soil level 1) are shown in Table 4 .
Based on the data in Table 4 , the basic random variables, their distribution, the parameters (or the range if bounded) of the distributions and the values selected for the experimental design (in bold) are shown in Table 5 . A uniform distribution was selected for the soil parameters because of a lack of previous knowledge; with this type of distribution, considerable weight is given to values in the distribution tails. The following deterministic functional relationship is used to relate the unsaturated density, c unsat , to the saturated density, c sat , of the embankment to reduce the number of independent variables: c sat = c unsat + 2.
With respect to the tide-river level and the corresponding water level in the embankment (soil level 1), a tide with a high and fre- Fig. 6 shows the distribution of the tide-river levels measured during the 2 years. The data show that the values of H max and H min corresponding to the selected tide are representative of the mean values of each distribution, so that the chosen tide can be considered as a representative tide. Further, the tide-river level has been discretised in six phases between the values H max and H min to model a good representation of potential situations during the tide (Table 3) . They can also be tested as other extreme tide levels. For each water level, the water level in the embankment has been measured and is reported in Table 3 . Water levels for phases 1 and 6 are shown in Fig. 5 . From this experimental design, using the basic random variables, which are assumed to be independent, 450 computations are performed with the Plaxis finite element model. The sand characteristics (soil level 2) are considered deterministic because they have a weak influence on the horizontal behaviour. According to Table 4 , the values assumed for the computation are c unsat = 19 kN/m 3 , E = 30 MPa, u = 30°, m = 0.001 and dilatancy angle, w = 0.
Uncertainty and sensitivity analysis for the basic random variable selection
With the six random variables presented in Table 5 , 28 coefficients, b k , must be calibrated to fit a full quadratic response surface. This calibration requires a database that contains more than 450 simulations. Consequently, this initial numerical database is used to highlight the most influential random variables and to reduce the total number of BRVs required. All the results are available in [35]. They highlight the following key points: (i) 1/E and c unsat exhibit similar behaviour in the response (Fig. 7 for the two phases of Fig. 5) ; thus, it is difficult to identify each variable from a single measurement. This study focusses on the frictional angle and the correlation between c unsat and E, which can then be considered a single random variable X 1 = c unsat /E; and (ii) m has no influence on the response and can be considered a deterministic parameter. Table 6 shows the results and the conclusions concerning the selected basic random variables (BRV). Four BRVs are selected, which require 15 coefficients, b k , to be calibrated for a full quadratic response surface. Table 7 shows the 15 coefficients, b k , obtained from fitting QRS to the numerical data base using the BRV in Table 6 . Table 8 shows the values of the residuals computed for the four QRS described in Section 3.3 using different criteria: the mean residual, R, from Eq. (3); the mean relative deviation of the residual, D rF , from Eq. (4); and the likelihood of the parameters in the interval [À10 kN, +10 kN], corresponding to the uncertainty in the measurement of the loads. Fig. 8 shows the distribution of residuals for each response surface.
QRS calibration and selection
where R i and F Pli denote the ith residual and the load value for the N numerical experiments, respectively, and N = 450. The full quadratic response surface fit the residuals the best. An example of the simulation results obtained from the Plaxis model (Fpl) and full quadratic and linear response surfaces (Fsr) is shown in Fig. 9 . Each plot represents the computed value of loading in one of the tie rods as a function of the RV X 1 . The other BRVs are assumed as follows:
Á X 2 (internal frictional angle): three values are analysed (25°, 30°a nd 35°, according to the variation interval of Table 5 ); and Á X 3 (tide-river level) and X 4 (water level in the embankment): the six couples of water level corresponding to the six phases of the considered tide (Table 3) are analysed.
The plots in Fig. 9 correspond to the minimum water level of the tide from the river side. The blue 1 -coloured points represent the response surface data (the squares, labelled Fsr) and the Plaxis simulation results (the crosses, labelled Fpl) for an internal frictional angle of 25°. The red and the magenta-coloured points represent the response surface data (the squares, labelled Fsr) and the Plaxis simulation results (the ics and stars respectively) for internal frictional angles of 30°and 35°.
The comparison between the full quadratic (left) and the linear (right) response surfaces shows that better agreement with the Plaxis simulations is obtained using the full quadratic model.
Identification of basic random variables
Identification methodology
Because the water levels in the river and in the embankment are monitored, the BRVs X 3 and X 4 are known; thus, the identification procedure focusses on X 1 and X 2 . A zero-order method (simplex) [36] is used. This method is based on the least squares method: for each tie rod, one instance of the couple of random variables (X 1 , X 2 ) is computed from the data of five rising and falling tides (M1-M5) with CMAR = 69, corresponding to a total of 29 phases. Because of the cyclic evolution of tides with time, several tides of the same CMAR occur during the same year. They are denoted as M j (j 2 [1, 5] ) in the following analysis.
The objective function F err (h) of the identification method is written as follows: where F err i denotes the deviation between the measured loadings in the ith tie rod ðF mes i Þ and the corresponding loading prediction cal- Poisson's modulus, m ( 1 For interpretation of colour in Fig. 9 , the reader is referred to the web version of this article.
culated by the RS numerical model, f ðF sr i ; hÞ, and h is the set of unknown variables to be identified and i is the phase number (e.g., i 2 [1, 6] for the tide in Table 3 , Fig. 5 ). The prediction f ðF sr i ; hÞ can be written as follows:
where F 0 is the pre-loading during the installation of the tie rod and F sr i is the loading in the tie rod calculated by RS. The value of F 0 is different for each tie rod and is calculated in the identification process of the variables. By definition, it is assumed to be constant with time and deterministic for a given tie rod. As different values of F 0 can be obtained for tides M j , a two-stage procedure is selected.
Stage (1) calculates the values of F j0 , X ð1Þ j1 and X ð1Þ j2 using Eq. (5) for each tide M j . For example, for tie rod T4, F j0 varies between F 10 = 98 kN (tide M 1 ) and F 20 = 280.5 kN (tide M 2 ). During stage (2) the average value F 0 is computed and the identification is repeated Fig. 7 . The influence of the density, c unsat , (left) and Young's modulus, E, (right) on the response of the tie rods. 
j2 . For example, for tie rod T4, F 0 = 167 kN. Only the values computed during stage (2) are taken as solutions of the identification process. Table 9 shows the computed values of F j0 and the average F 0 for two tie rods, T4 and T21, selected as examples of the current section of the quay that does not have disturbing boundary effects. The mean values of pre-loading at these locations give an indication of the variability of the loads along the quay as measured during construction. Table 10 , right, presents the results of the identification of X j1 and X j2 for tie rod T4 and 5 values of tides M 1 , . . . , M 5 , with F 0 = 167 kN. Table 10 , left, shows the evolution of the loading computed for M 1 from the identified values at each tide phase and the measured loading. The comparison shows that the model fits the measured values extremely well. The results also show that the loading in tie rod T4 after identification is approximately 370 kN. The same procedure applied to the tie rod T21 results in a loading of approximately 120 kN. Results for the other tie rods are available in [35] .
Results for X 1 and X 2 for all the tie rods and the 5 tides M j are shown in Fig. 10 . Considering (Section 2.3) that only 6 tie rods are instrumented and that 5 tides with CMAR = 69 were recorded, a total of 30 (X 1 , X 2 ) couples are available for analysis. One result is that two different groups of tie rods emerge. The reason is still currently under discussion and should be found in the building methods. No specific algorithm has been used to sort them, and they appeared from two separate clouds of data. Therefore, in the following, two separate probability density functions (pdfs) have been fitted to the data.
The Pearson correlation coefficient between the two BRVs X 1 and X 2 for the two families of tie rods is calculated at 0.1252 and À0.423 for group 1 and group 2, respectively. Both of these correlation coefficients are low; thus the random variables can be assumed independent. Then, the probabilistic model can be selected based on polynomial chaos [15] or parametric distributions. There are not sufficient data available to implement the polynomial chaos approach; therefore, the parametric distributions approach is used in this study. To retrieve the best distribution fit for each group of tie rods, a combination of three parameters is used. The parameters are the mean, l, the standard deviation, r, and the maximum likelihood estimation. Table 11 presents the values of these parameters for the two BRVs using the assumptions of normal and log-normal probability density functions. The results are plotted in Fig. 11 for the variable X 2 . The distribution can be well-fitted by both normal and log-normal pdfs. The distributions contain acceptable values in comparison to the literature, with reasonable scatter (Table 11 ).
Verification and validation
Using the fitted distributions above, a direct Monte Carlo simulation is used to verify and validate the results. The simulation is used to compute the bounds of a confidence interval. In this study, a 90% confidence interval with percentiles 5% and 95% is selected. That is, 10% of the measurements are accepted to be outside the interval. Other tide levels (CMAR = 89 and 100) at different dates are used to validate the accuracy of the response surface model. Fig. 12 presents the loading evolution in tie rod T4 during the 2-year period (2004) (2005) . This period includes three tides with CMAR = 69 used for the identification. The tides with CMAR = 89 and 100 are selected for verification.
To demonstrate the validity of the proposed model, it must be tested for a generic tide, independent of its CMAR. Fig. 12 shows that the loading in tie rod T4 undergoes a significant change with time between approximately 275-370 kN; this has been noted by [8] and is because of external factors and a global stabilisation of the wharf. Using a simple moving average of the three tides sam- pled (corresponding to CMAR = 100 and 89 for the first and second periods, and CMAR = 69 for the last period), a substantial loading stability is calculated (Fig. 12) . 
where N denotes the number of values selected for the moving average. N = 48 has been shown to fit the medium trend (season) and corresponds to the number of measurements during a day. The value of the loading deviation, F MM , in Eq. (9), can be written as follows:
where F MMC denotes the central moving average of the loading around the linear trend loading, F Ln . Fig. 13a shows the load in tie rod T4 (CMAR = 69) and it shows that the model fits the measured loads well, i.e., the measurements are close to the measured mean value and remain in the 5-95% fractile of the output distribution of the model. Fig. 13b and c shows the loading in tie rod T4 for tides with CMAR = 89 and 100. In these cases, the plots show a good agreement between measurements and the proposed model; i.e., the measurements remain in the 5-95% fractile of the output distribution of the model.
Conclusions
The monitoring of infrastructures is currently used for damage detection. This study focuses on another challenge, namely, the identification of a model's characteristics from measured data. The method is applied to the geotechnical parameters of an embankment of a wharf. Because of the intrinsic uncertainties in the model and hazardous physical parameters, probabilistic modelling is used. A surrogate is initially provided to the original model, with a numerical database. This study uses a quadratic response surface. The full quadratic response surface is shown to be the most efficient approximation to fit the finite element model. A reduction in the number of random variables of the numerical model is suggested and the response surface is used to identify distributions of parameters. Two groups of tie rods are then identified and the corresponding empirical distributions are provided. It is shown that both normal and log-normal probability distribution functions fit the frictional angle values. Verification and validation of the response surface model show that both the QRS and the distribution of identified parameters can be used to model the inherent uncertainties.
